O ptimal weed control is achieved by minimizing the amount of herbicide that kills all weeds living in a specific region of interest. Once weeds are identified, spot spraying of herbicide instead of the common blanket spraying approach can be applied to save herbicide, which in tum reduces environmental pollution. However, s uch an optimization in weed control is rarely realized in practical situations due to the innate complexity of distinguishing weeds from crop plants in real time by analyzing their images using a computer vision system.
O ptimal weed control is achieved by minimizing the amount of herbicide that kills all weeds living in a specific region of interest. Once weeds are identified, spot spraying of herbicide instead of the common blanket spraying approach can be applied to save herbicide, which in tum reduces environmental pollution. However, s uch an optimization in weed control is rarely realized in practical situations due to the innate complexity of distinguishing weeds from crop plants in real time by analyzing their images using a computer vision system.
For an effective identification of living plants (crop or weed) from an image, segmentation of the plant regions from the background consisting of soil, stones, and residues is an essential task to be performed, while the segmentation pe rformance also affects the quality of th e identified objects from the separated im age information. Meyer et al. (1998) support this assertion by reporting that any post-processing, such as textural analysis, for uncarefully segmented images will yield unreliable results due to soil and residue features mixed with those from weeds.
Image segmentation generally refers to discriminating objects of interest from their background. In this a rticle, we are interested in segmentation of green plants from a soil and residue background in the images. The green plants are characterized as having green and pseudo-green colors, whereas the backgrounds are typically brown or gray colored . Therefore, discrimination can be attempted based on these color differences, typically defined as color indices. Wobbecke et al. (1995) investigated the use of different color indices of red, green, and blue chromatic coordinates (rgb) to distinguish four types of weeds from a non-plant background. The indices considered include the excessive green index (EGI), the difference between normalized green and red components (DGR), the difference between normalized green a nd blue components (DGB), and the modified hue. Their experimental results showed that the best segmentation resulted from using the modified hue and EGI. Meyer e t al.
(1998) applied EGI to ide ntifying two narrow-leaf and two broadleaf species of weeds from soil and residue backgrounds. EGI was claimed to classify plant and soil regions co rrectly with high accuracy (>99%). Lamm et al. (2002) also used EGI for separating grass-like weeds from cotton plants. Considering practical conditions, EGI was later modified by Tang et al. (2003) and named the Modified Excessive Green Index (MEGl). MEGl was adopted to classify broadleaf and grass weeds (Tang et aI., 2003) and to detect between-row weeds (Mao et aI., 2003) . In an application, this color index was reported as the best color index for segmenting rice pl ants from flooded or bare soil backgrounds, followed by normalized g reen an d EGI (Lee an d Lee, 2011) . In addition, Mao et al. (2003) investigated the use of modified hue and Normalized Difference Index between green and red (NDl), which was adopted by both Blasco et al. (1998) and Perez et al. (2000) , for enhancing the contrast between vegetation and the non-vegetation background. Elfaki et al. (2000) suggested and evaluated four types of color indices formed by red, green, and blue (RGB) color components for the detection of three weed species. A linear relationship among the RGB triplets was extracted by lafari et al. (2004) using discriminant analysis to detect sugarbeets and seven weed species. Another simple color index, the normalized green (g), was used for separating green vegetation fro m the soil background (Andersson, 1998) . Astrand and Baerveldt (2002) also applied the green color component together with some shape features to sugarbeet and weed segmentation.
All the above-mentioned indices use color components defined in th e RGB or its normalized counterpart rgb space. However, other color models have also been used and tested in the literature . Hue, saturation, and intensity (HSI) color triplets transformed from the RGB system were employed to segment tomato plants from weeds (Lee et aI. , 1999) and for in-field weed sensing (Tang et aI. , 2000) . Burks et al. (2000) showed th at the hue, saturation, and intensity (HSI); hue, saturation, and value (HSV); and CIE 1976 (L * a* b*) color systems worked well, especially for background classification. In the Lab color system , L represents luminance, and a and b represent the red/green and yellow/ blue color-opponent dimensions, respectively.
Although all these color indices have potential use in segmenting living plants from non-plant backgrounds, there has been limited research on rigorous comparison of different color indices, especially in the context of crop residue backgrounds encountered in no-tillage farming . Also observed from the literature is the lack of any approach to representing th e behavior of the color indices in terms of segmentation quality. These observations motivated this research. T herefore, the main objective of this research is to analyticall y investigate the behav ior of the existing color indices and comparatively evaluate the performance of a selected range of color indices in order to fi nd the best color index for plant/non-plant image segmentation. The scope of this article is images taken from a cereal crop plant (wheat) and some common narrow-leaf weed species in Australian wheat farmi ng (i.e., ryegrass, bromegrass, and wild oat) in the whole visible spectrum and under different abiotic conditions, such as different illumination and backgro unds. T he influence of applying color indices of g, EG!, MEG!, NDI, and hue, which are documented as commonly used vegetation indices in the li terature, is in vestigated only for the purpose of high-quality plant/non-plant segmentation and not for identifica tion purposes. Nevertheless, it should be noted that high-quality segmentation is essential to achieve high accuracy of future plant identification or classification processes.
VISUALIZATION OF MECHANICS (OR BEHAVIOR) OF COLOR INDICES THE RG COLOR PLANE
In the RGB model, each pixel in an image is represented by three color components of red (R), green (G), and blue (B) that vary in value from 0 to 255 in an 8-bit data format. The RGB gray levels of each pixel in a color image are strongly susceptible to the variation of lighting under which the image 262 was taken . The direct use of the RGB values in image segmentation of plant regions may res ult in erroneous conclusions and poor quality in producing a clearly segmented object (Campbell , 1994) . Colors can be made independent of changes in lighting intensity by the process of normalization in which intensity variations are obtained uniformly across the spectral distribution (Cheng et aI. , 2001) . The formulae by which the normalized red, green, and blue are obtained from the RGB triplets are as follows:
Obviously, the following holds from the above transformation:
r + g+b =l (1)
Note that the 1'gb components are invariant of uniform scaling of the RGB components, as is given for the l' component:
where a is a constant. Covering a scene with a shade to protect it from direct sunlight can be explained as scaling in terms of color component intensity. Therefore, th e use of the normalized red, green, and blue components co uld alleviate the effect of intensity scaling in practice.
The primary objective of this study is to compare th e existing color indices that are represented by the normalized color components. For the plant images used in this study, the backgrounds were soil, stones, and crop residue, and the objects of interest were green plant species. T herefore, the selected color indices are those in which the normalized ween value is a main part in their structure. Visualizing how different color indices behave in relati on to the plant and background color distributions can be helpful to evaluate them analytically rather than just empirically.
For this purpose, the 1'g color plane was used and provided this visualization tool. The rg plane was defined as the plane projected from the 1'gb surface. The 1'gb surface is a surface in the 1' , g, and b coordinate system that encompasses all the normalized color components. The normalized red, green, and blue on this surface satisfy equation 1. T he rg plane thus comprises all projections from the 1'gb plane with coordinates rand g, while b can always be calcul ated from equation 1.
T he normalized red is a main component in the color spectrum of most bare soil or wheat crop resid ue backgrounds. Since all the color indices examined in this stud y can be expressed by only l' and g, the 1'g plane is adeq uate to represent the behavior of th ese color indices. Figure 1 shows the 1'gb surface and th e corresponding projected 1'g plane. It is noted that all the gray colors ranging from black to white are placed at the center (point C) of the is where g > band g > r; therefore, the lines g = band g = r can be considered as the boundary lines for the theoretical green plant region.
By defining C r = glr, the normalized green can be simply expressed as g = C r r. The region with C r > 1 is the area in which the green intensity of each pixel is larger than its red intensity, which may be a common expectation for plant pixels. This region lies above the g = r line on the rg plane. Similarly, for the ratio Cb = glb, the region where Cb > 1 lies above the g = b line. Theoretically, the green plant region would be strictly characterized by both Cr > 1 and Cb > 1. In contrast, brown-colored soil backgrounds will be mapped in the region where Cr < 1 and Cb > 1, as given in figure 3 .
In practice, the reflectance properties of green plants are affected by several environmental factors, such as moisture, nutrients, their growth stage (Thompson et aI., 1990) , the presence of a light source other than natural light, and the leaf orientation with respect to the illumination source. Therefore, the green component of the plant region in an image is not always the most predominant color, meaning that the ratios Cb and C r may lie below 1. The variation in plant reflectance usually makes the color distribution of plant pixels overflow into other regions. There are also several environmental and physical properties that affect the soil colors in the background. For instance , soil moisture has a strong influence on the amount and composition of energy reflected and emitted from a soil surface (Huete and Warrick, 1990) . Therefore, a similar tendency of background-color overflow into the plant region is observed. This assertion is illustrated in figure 4 by a sample rg diagram of a wheat plant with a light brown soil background (Munsell color code: light brown 2.5YR 3/4). An important advantage of the rg plane is that the behaviors of the existing color indices can be easily visualized as a function of the segmentation threshold value, and their effectiveness can be simply predicted for a broad range of soil, plant, and residue conditions.
PERFORMANCE ANALYSIS USING GEOMETRIC REPRESENTATIONS OF COLOR INDICES ON THE RG PLANE
Any existing color indices can be expressed as the output of a function whose arguments are the intensities of color components r, g, and b; therefore, for any given pixels with three input intensity values of r, g, and b, there will be one output intensity value of color index, or CI for short. In this way, a true-color ROB image is converted to a single-color (gray) CI image. A binarized image where the foreground (plant regions) and background (non-plant regions) are exclusively separated can then be achieved by applying a global threshold, T, to the resulting grayscale CI image. Segmentation performance, which means how well the foreground and background regions are separated, depends significantly on two factors: the global threshold value, and the suitability of the color index used.
The color indices considered in this article are: the normalized green (g), EG!, MEG!, DGR, NOl, and the modified hue. For each color index, the threshold value is geometrically represented on the rg plane to facilitate the analysis of its behavior.
Normalized Green
The normalized green, g, is the basic color index used for separating vegetation from the background (Andersson, 1998; Astrand and Baerveldt, 2002) . For a given threshold T (0 .$. T.$. 1), the contour g = T is a horizontal line, as shown in figure 5a. Any pixel whose color is located in the region above the g = T line is classified as a plant pixel, whereas any pixel whose color is below the line is a background pixel.
EGI
EOI was originally based on non-normalized color components (Ohta et aI., 1980) , but it was redefined later by using the normalized color components (Wobbecke et aI., 1998; Lamm et aI., 2002) . For a given value of band T (-I.$.
T.$. 2), the EG! function is represented as a straight line on the
Combining equations 1 and 2 gives:
The contour EG! = T is the horizontal line with the intercept of g = (1 + T)/3, as shown in figure 5b.
Some researchers claimed that EG! has advantages over g from their own experimental results (Wobbecke et aI. , 1998; Tian et aI. , 1997; Gilver and Slaughter, 2001 ). However, based on the representation of the behavior of the color indices g and EG! as shown in figures 5a and 5b, respectively, the quality of the segmented images obtained from using these two color indices appears to be the same, as also obviously proved by equation 3, which shows their linear relationship. Notice that the original EG! based on nonnormalized RGB values does not behave identically to g, and its segmentation performance should be highly dependent upon the intensity of the illumination sources. This definitely indicates an advantage of the chromatic coordinates (r,g,b) over the non-normalized ROB system for plant segmentation.
MEGI
MEG! (Mao et aI., 2003; Tang et aI. , 2003 ) is a variation of EG! with an additional constraint as given by:
This constraint is shown in figure 5c with the straight lines g = rand g = b, where O.$. T.$. 2. Below either of these lines, 264 MEG! is always set to zero (i.e. , classified as a background pixel regardless of the threshold value applied). The theoretical region of plant pixels (where C,. > 1 and Cb > 1) identified in figure 3b corresponds exactly to the above region confined by the MEG! constraint.
DGR
The DGR index is defined as "g -r" and was used to segment green (Wobbecke et aI. , 1995) and reddish plants (Golzarian et aI., 2006) . The contours g -r = T (-I.$. T.$. 1) are the lines perpendicular to the line g = 1 -r. As the threshold T increases, the contour moves toward the upper left of the diagram, as shown in figure 5d.
NDI
NO! is the ratio of the difference between the normalized green and red to their sum, as is given by:
For a given value of T (-I.$. T.$. 1), NOl is represented as a straight line passing through the origin as follows:
As can be seen in figure 5e, when T = -1, the line is superimposed on the r-axis; as the T value increases, the NDI line rotates in a counter-clockwise direction about the origin until it reaches the g-axis.
Hue
The following hue formula (Cheng et aI., 2001 ) was frequently used for RGB images: Wobbecke et al. (1995) defined a modified hue that varies from -120° to 240° rather than from 0° to 360° to avoid the ill-defined region around the red color. However, because this study was mainly focused on and around the green region and not necessarily on the red region around the zero hue value, the standard hue that varies in the range of [0°,360°] was used.
The hue index can also be calculated from the normalized values r, g, and b by dividing both the numerator and the denominator of equation 5 by R+G+B, which becomes:
For a given T E(O°, 360°), the hue contour can be represented on the rg plane as the following straight line:
Figure 5f shows that as the value of T increases, the above hue line rotates in a counter-clockwise direction about the point P c (1I3 , 113), which is the intersection point of the g = rand g = b lines. Hue lines are therefore half-rays emanating from the point Pc.
Since the region of interest lies in the upper quadrant of the rg plane (see fig. 3b ), it is common to set a range of values for T between a variable lower limit and a variable upper limit, rather than using a maximum T va lue as a threshold referenced to the default T = 0 lower limit. Two threshold values, the lower bound (TL) and the upper bound (Tv), are used to define a range TL ~ T ~ Tv within which pixels are classified as belonging to the plant region. Figure 6 illustrates the plant region constrained by a pair of hue thresholds.
A special case of the hue index where the lower threshold bound TL = 60 0 and the upper threshold bound Tv = 180 0 is equivalent to MEG! with the threshold value T ~ 0, as shown in figure 5c.
It follows from the above geometric visualization that the segmentation performance of the hue appears to be better than those of other indices since it can encompass various 
MATERIALS AND METHODS
Analyzing the behavior of color indices can only provide an approximate understanding of the segmentation performance of the color indices. Their actual qualities cannot be drawn directly from the analysis unless the regions of plant and of background are both known for a given context. Accordingly, the following experiment with a set of template images was designed and undertaken to empirically compare the segmentation performance of the color indices outlined in the previous section. Through the experiment, the effects of field-related factors such as background condition, lighting condition, and plant type on the segmentation quality obtained after applying the different color indices were also investigated.
EXPERIMENTAL DESIGN
A CCD compact camera (Nikon COOLPIX 775) was used to acquire the top-view images. The camera's focal length was set at 5.8 mm during imaging. Every image frame contained only a single plant. The images were taken from 650 mm above the planting bed, resulting in the camera's field of view of 600 mm x 450 mm. A total of 240 images were taken in November 2006 (end of spring in Australia) during the day between 1:00 and 4:00 p.m., when the natural illumination was high. The experiment was designed and conducted in order to acquire images of four types of plant species, in two lighting conditions, and three background conditions with the details as follows:
• Two lighting conditions: under direct sunlight (12,000 to 20,000 lux), and under shade (6,000 to 10,000 lux) figure 7 . For each of the 24 (= 2 x 3 x 4) combinations of the experimental factors, ten replicate images were taken. For evaluation purpose, template images were created by manually se~~rating the plant regions using Paint Shop Pro photoedItIng software (ver. 5, Corel Corp., Ottawa, Ontario, Canada). The template images were then binarized and used as reference segmented images against which segmentation errors for each color index were computed.
PERFORMANCE CRITERION
To assess the segmentation performance, concepts from classical statistical hypothesis testing were used. Two parameters, Type I and Type II errors, were defined in this context to quantify the segmentation performance of the color indices. Statistically, Type I and Type II errors are defined as the error of rejecting a true null hypothesis and that of failing to reject a false null hypothesis, respectively. In this study, a Type I error occurs when a pixel belonging to the plant area is lost during the segmentation process. Therefore, the Type 1 error (under a specific color index) is estimated by calculating the proportion of plant pixels that were misclassi~ied as background (each particular image representIng a sample estimate). Similarly, the Type Il error is computed by the proportion of the background pixels that were misclassified as plant pixels. Such misclassified background pixels are considered to be "noise" pixels in the plant segmented image. Total error, the sum of Type I and Type Il errors, was used as a single measure quantifying the segmentation performance of plant images. The two errors are calculated as follows:
whe~e Prcf is the number of plant pixels in a reference image, Bref I~ the number of background pixels in a reference image, Pmis IS the number of plant pixels wrongly assigned to the background region of the reference image, and Bmis is the number of background pixels misclassified as plant segment of the reference image.
STATISTICAL METHODS FOR PERFORMANCE COMPARISON
In this study, the non-parametric Kruskal-Wallis and Friedman tests (Sincich et aI. , 2002; Field, 2009 ) were used to compare the errors because the assumption of data normality and homogeneity of variances required for parametric ANOVA were not met. The Kruskal-Wallis test was particularly used for the analysis of the effects of the background conditions, lighting conditions, and plant types on the error values. In these cases, the pooled effect across four color indices was studied irrespective of the effect of color indices on individual images. On the other hand, the non-parametric Friedman test was used to compare the errors obtained from different color indices applied on the same individual images. To investigate the effect of interactions of l!ghting and background conditions and plant types, general Imear model (GLM) analysis (Field, 2009 ) was employed. In this experiment, five color indices (EG!, MEG!, DGR, NDl, and hue) were considered. The normalized green (g) was excluded from further consideration because it performs equivalently to EGI, as described earlier. Each of the 240 images was converted first to a gray-level image by applying each color index. A threshold was then selected from the acceptable range of threshold values for a specific color index. Using an appropriate threshold value optimized for a 1% Type 1 error (the reason to select this amount of Type I error is given later in this section), the gray-level image was binarized such that pixels with an index value greater than or equal to the threshold value were classified as plant pixels, and those with an index value less than the threshold value were classified as background pixels. The algorithms for performing the above-mentioned image processing steps were written and implemented in MATLAB (The Mathworks, Inc., Natick, Mass.). The flowchart in figure 8 shows the image processing steps.
The information that the plant region provides is very important for later use in plant-detection applications. On the other hand, achieving a low amount of noise is necessary to reduce the post-processing activities for noise removal. As a result, it is highly desirable to keep both Type I and Type II errors as low as possible. In practice, the Type I and II errors show a non-linear, inverse relationship with T This means that we may be able to get a binarized image with no loss of plant pixels, but in this case the amount of noise would be very high. Conversely, we may have a binarized image with very small amount of noise by using a high val ue of threshold, but a large part of the plant or even the whole plant may be lost. Therefore, a compromise between the Type I and Type II errors is required when selecting the most effective value of T In this study, priority was given to the Type I error such that it was kept at 1% in order to secure the plant information at a very high level.
This phenomenon is demonstrated for a wheat seedling image in figure 9 , where images binarized by various T values are displayed for the NDl index, which is used here for illustration purpose. Figure 10 shows the corresponding error curves and their inverse relationship for threshold values between 0.07 and 0.13. In figure 10 , T* = 0.082 indicates the threshold identified for the fixed Type I erro r of 1 %. 
RESULTS AND DISCUSSION

LIMITATION OF MEGI
From the results of our experiment, the MEGI color index turned out to be unsuitable for plant segmentation. For all the tested images, the Type I error was controlled to be 1%, and the corresponding Type II error was computed. When this technique was applied to MEG!, it was found that the Type I error could not be reduced to 1 % for the great majority of the images. In fact, the achievable Type I error under MEG! averaged over the 240 images was 22%, with the values of the lower quartile at 5% and the upper quartile at 31 %, as shown in table 1. Especially for the images taken from the crop residue background under the shade, the percentage of plant area lost is robustly around 5%. This means that the MEG! 268 constraints could be used only for applications that allow at least 5% average plant area loss. The reason why the lowest Type I error for MEG! is much higher than 1% lies in the constraining condition expressed in equation 4. This constraint is defined by two lines (g = r and g = b), and pixels with color values below these lines are permanently labeled as background. It is this permanent constraint which dictates a minimum Type I error much greater than 1%. As an example, a MEGI-based segmented image compared with its corresponding template image is given in figure 11 , which shows a relatively large misclassified plant area. The corresponding rg color map of this image is given in figure 4 ; the percentage of the red area below the g = r line in the rg plane is the inherent Type I error under the MEGI color index. The segmented image in figure 11 and the rg map show a relatively large misclassified plant area by the use of MEG!. Consequently, it would be misleading if the corresponding total error data were compared with those extracted from other color indices at the fixed reference value of 1 % Type I error. As a result, MEGI was excluded from the list of color indices in the comparative analysis that follows.
COMPARATIVE EVALUATION OF COLOR INDICES
A comparative analysis was conducted on the four remaining indices (EG!, DGR, NDl, and hue). The total errors, i.e. , Type I error (= 1%) + Type II error, were computed for different color indices. Non-parametric Friedman ANOYA was used to compare the errors obtained from th e different color indices for each image. Overall, the hue had the best performance with the minimum total error, followed by EG! and NDl as given in table 2. The large rank sums for EGI and DGR indicate a spread of large total errors across the whole images. This test also revealed that there was a significant difference between at least two of these four factors (p < 0.05). More specifically, the pairwise non-parametric ANOYA test showed a significant difference between every pair of two color indices excluding that of NDI and EGI.
As table 2 shows, the lower quartile of total errors for the four color indices were comparably small and in a narrow range of 3% to 3.7%, while the upper quartiles displayed a broader range of higher values from 18.7% to 34.5%.
Further investigations of the results revealed that the lower quartile values were very similar, which is mainly related to images with dark soil background taken in the shade. Under this condition, it is anticipated that a higher contrast between plant and background regions can be achieved. This explains why these color indices are typically reported in the literature as suitable for the segmentation of plant regions in images taken from conventional tillage conditions where only bare soil represents the background.
No clear pattern in the total error data on the effect of plant type could be identified. In contrast, the various and wide range of upper quartiles were mostly associated with sunny conditions when either light soil or mulch was applied as background. In shaded conditions, the total errors were less than those observed in sunny conditions for light soil background. However, crop residue background appeared to generate relatively large total errors. Th ese observations are further discussed in the following sections.
EFFECT OF LIGHTING CONDITIONS
The total error values were analyzed across all color indices pooled to determine the overall effect of lighting conditions. First, all 960 segmented images (240 images x 4 color indices) were split into two contrasting lighting groups: shaded and direct sunlight. The non-parametric Kruskal-Wallis test was then applied since the assumption of normality was not met. The results are summarized in table 3.
The results showed a significant difference in the total error values between the two lighting conditions with 99.9% confidence. The total segmentation errors for the plant images taken under shade (median = 4.7%) were significantly less than those taken under direct sunlight (median = 13.3%). As the Type I error was set to 1%, this effect actually reflects the difference in the values of Type II error, which are the percentages of misclassified background pixels. An example is given in figure 12 , where two images taken from th e same plant and background under different lighting conditions and their respective rg maps are presented. In this example, the color index DGR = T, shown as the blue lines on the rg maps, was used to binarize the image with the threshold T, above and below which the pixels were classified into plant and background pixels, respectively. As can be seen in figure 12 , the Type II error is above 40% for the image under the sun, while it is below 1 % for the same image taken in the shade. The threshold values used for the inset images in figures 12a and 12b were 0.12 and 0.05, respectively, which were determined for the Type I error of 1 %. Therefore, it can be concluded that the more scattered the region of overlapping plant and background pixels is, the larger the Type II error will be while maintaining the Type I error at a constant level of 1%. In fact, the concentration of the overlapping region implies a minimum intrinsic Type II error that cannot be removed by using any specific color index considered in this study.
As can also be seen from figures 12a and 12b, the colors of background pixels (yellow + red region on the rg maps)
under direct sunlight were distributed over a much larger area than those in the shade. This phenomenon can be explained by the color-reflecting features of the coarse surface of the background when exposed to direct sunlight. The roughness of the background causes shadows in troughs and light colors on peaks under direct sunlight. However, there is no significant difference in color intensities for peaks and troughs for the image taken in the shade. In other words, in shaded areas, both the plant and background pixels tend to show their true, less variable color values, whereas these regions seem to show a diluted and more variable color spectrum when overexposed under direct sunlight. This phenomenon may be comparable to what human vision perceives in the presence of strong sunlight, which can cause some illusions in the color spectrum.
EFFECTS OF BACKGROUND CONDITIONS: SOIL AND CROP RESIDUE
An analysis of the effects of background conditions (light soil, dark soil, and crop residue mulch) on the total segmentation error was conducted using the non-parametric Kruskal-Wallis test. The results are given in table 4. The pairwise tests showed that the difference in the median total error among the three backgrounds was significant at the 99% confidence level, with the dark soil achieving much lower total median error (3.3 %) relative to the light soil (7.4%) and particularly the residue mulch (22.4%).
For the residue mUlch, layers of crop residue create more shadows over the underlying layers, which seem to cause the color variation to increase and the distribution to spread wider over the rg plane. Even when this type of background is imaged while in the shade, shadows between layers of residue still occur and generate a similar effect. The reason behind this observation is analogous to the earlier explained figure l3 .
EFFECT OF PLANT TYPES
The Kruskal-Wallis test was performed to investigate the effect of plant types on the total segmentation error. Results from paired treatment comparisons showed that there was a significant difference at the 99% confidence level in total error val ues among wheat, ryegrass, and brome grass, while wheat was found similar to wild oat. Table 5 shows that both wheat and wild oat have the least median total error with a smaller error range, while ryegrass has the maximum total error, almost twice the intermediate total error of brome grass. This observation can be explained by the similarity in the color spectrum of wheat and wild oat, whereas brome grass and particularly ryegrass have stronger non-green components (red and blue) in the colors of their leaves, which affect the segmentation performance. fal Medians followed by di ffe rent letters are sign ificantl y different at the 99% co nfid ence level. The relationship between the segmentation performance and the effects of plant type, background condition , and lighting condition is very complex. However, even in this situation, the results we obtain from the GLM analysis provide some basic understanding of the interactions of the 
BEHAVIOR-BASED EVALUATION OF COLOR INDICES
The concentration of the background colors becomes more intensified in the zone closer to the g = b line (e.g., area A in fig. 14a ). This can be confirmed by the histogram of r values for the background pixels for 0.3 < g < 0.33 ( fig. 14b) . Therefore, those color indices that can effectively filter out such regions of higher pixel concentration seem to create lower Type II error. EGI and in particular the hue can filter out these regions more effectively, whereas NDI and DGR are expected to work poorly due to the rotating feature of their thresholding function about the origin of the rg plane. Table 7 summarizes the advantages and disadvantages of the six color indices considered in this study. 
CONCLUSIONS
This article first presented a geometric approach for evaluating existing color indices used for segmentation of plants in digital images . The approach adopts a normalized color coordinate system by which the mechanics of each color index can be represented geometrically and their behavioral characteristics can be easily studied. This innovative approach can support the development of enhanced color indices in the future to improve plant segmentation with minimum noise. An empirical performance analysis over 240 digital images for four color indices was conducted to identify their characteristic features. The method computed Type II errors (i.e., background pixels misclassified as plant) under a constant Type I error (i.e., plant pixels misclassified as background, representing an acceptable threshold of plant data loss).
In line with expectations from the rg plane behavioral analysis, the results showed that the hue was the most effective color index (p < 0.05) across the range of lighting and background conditions for separating plant and nonplant regions, with a total error median value of 7.5% and a 15.7% interquartile range. The observations confirmed that the images of plants over dark soil backgrounds taken in the shade yielded th e least total segmentation errors and enabled all color indices to operate similarly and at their best performance with a median error of 3.3% and interquartile range of 2.5%. Direct sunlight on light soil or residue mulch backgrounds significantly degraded the quality of segmentation and intensified the performance difference among the color indices, representing a key challenge for applications in no-till farming environments. Segmentation error was also affected by plant type, with a common weed such as ryegrass leading to much higher total error values.
Recommendations include the need for machine vision systems to operate under shade for higher quality and less va ri able segmentation results using the hue color index. The rg plane analytical method is suggested as a useful approach to helping understand and predict the behavior of color indices, and support the development of more efficient segmentation processes in the future.
